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[57] ABSTRACT 

Preferably using frame vectors, a reference memory (13) 
keeps feature vectors of a set as a tree comprising a root 
node, leaf nodes farthest from the root node, and interme 
diate nodes With the frame vectors assigned respectively to 
the leaf nodes. A calculator (17) calculates cluster distances 
between each feature vector of an input pattern and a subset 
assigned among the set to each daughter node of a mother 
node Which is ?rst the root node. From the intermediate 
nodes With the mother node successively selected along each 
branch of the tree, a selector (19) selects at least one 
daughter node that gives a shortest possible cluster distance. 
Controlling the calculator and the selector to use the cluster 
distances starting at each node selected nearest to the root 
node and proceeding along the branches to one of the leaf 
nodes that are used as daughter nodes of mother nodes 
selected nearest to the leaf nodes, a pattern distance calcu 
lator (15, 23) calculates pattern distances between the input 
pattern and reference patterns represented by the set. If the 
branches do not reach such leaf nodes, the cluster distances 
are used to the mother node last selected. Frame distribu 
tions of HMM may be used instead of the frame vectors. 

4 Claims, 3 Drawing Sheets 
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PATTERN RECOGNITION WITH A TREE 
STRUCTURE USED FOR REFERENCE 
PATTERN FEATURE VECTORS OR FOR 

HMM 

This application is a continuation of application Ser. No. 
08/253,748, ?led Jun. 3, 1994, noW abandoned. 

BACKGROUND OF THE INVENTION 

This invention relates to recognition of an input pattern 
Which is typically representative of either discrete Words or 
connected Words. More particularly, this invention relates to 
a pattern recognition method and to a pattern recognition 
device. 

Various discrete or connected Word recognition devices 
are in practical use. Among such pattern recognition devices, 
representative are one using a dynamic programming (DP) 
algorithm and one in Which continuous mixture density 
hidden Markov models (HMM) are used. 

According to the dynamic programming algorithm, best 
match is located in accordance With the dynamic program 
ming algorithm betWeen an input pattern represented by a 
time sequence of input pattern feature vectors and a plurality 
of reference patterns, each represented by a stored sequence 
of reference pattern feature vectors. The best match is 
decided by ?nding a shortest one of pattern distances or a 
greatest one of pattern similarities betWeen the input pattern 
and the reference patterns. On ?nding either the shortest 
pattern distance or the greatest pattern similarity, a time aXis 
of the input pattern time sequence and each of similar aXes 
of the reference pattern sequences are mapped each on 
another by a Warping function. Details of the dynamic 
programming algorithm are described in the Japanese lan 
guage (transliterated according to ISO 3602) by NakagaWa 
Seiiti in a book entitled “Kakuritu Moderu ni yoru Onsei 
Ninsiki” (Speech Recognition by Probability Models) and 
published 1988 by the Institute of Electronics, Information, 
and Communication Engineers of Japan. 

Brie?y describing, the dynamic programming algorithm 
proceeds in principle as folloWs in the manner described on 
pages 18 to 20 of the NakagaWa book. An input pattern X 
and a reference pattern B are represented by: 

(1) 

and 

B=b1,b2,...,bj,...,bJ, (2) 

Where X’ represents an input pattern feature vector at an input 
pattern time instant t, bi representing a reference pattern 
feature vector at a reference pattern time instant j, T repre 
senting an input pattern length, J representing a reference 
pattern length. 

In general, such reference patterns have different refer 
ence pattern lengths. The input pattern length is different 
from the reference pattern lengths. In order to calculate the 
pattern distance betWeen the input pattern and each refer 
ence pattern Which is time sequentially used at consecutive 
reference pattern time instants, time correspondence must be 
established betWeen the input and the reference pattern time 
instants. Each reference pattern time instant j is conse 
quently related, for eXamples to an input pattern time instant 

by a Warping or mapping function: 
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Representing the pattern distance by D[X, B], a minimi 
Zation problem is solved: 

Where d(t, d) represents a vector distance betWeen the input 
and the reference pattern feature vectors X’ and b’. Usually, 
a Euclidean distance: 

Hair-VH2 (3) 

is used as the vector distance. 
The minimiZation problem is solved by calculating, under 

an initial condition: 

a recurrence formula: 

Where g(t, is often called an accumulated distance. In the 
recurrence formula, the reference pattern time instant is 
consecutively varied from 1 up to J for each input pattern 
time instant Which is consecutively varied from 1 up to T. 
The minimum distance is given by an ultimate cumulative 
distance g(T, J). Various other recurrence formulae and 
manners of calculating such a recurrence formula are 
knoWn. 

Each reference pattern represents a dictionary Words a 
phoneme, a part of a syllables a concatenation of Words, a 
concatenation of spoken letters or numerals, or the like. For 
each input pattern feature vector, the vector distances are 
calculated a number of times given by a tWo-factor product 
of (the number of reference patterns)><(the reference pattern 
lengths). 

It is possible to compress the reference patterns and to 
reduce this number of times of calculation by vector quan 
tiZation in the manner described in the NakagaWa book, 
pages 26 to 27. More particularly, similar reference pattern 
feature vectors are represented by a common representation 
at a certain reference pattern time instant. Several sequences 
of reference pattern feature vectors are thereby converted 
into a sequence of codes: 

Where cf represents a code book number given for the 
reference pattern feature vectors by a code book: 

{b(1), b(2), . . . , b(k), b(K)} (4) 

Which is used to represent several reference pattern feature 
vectors approximately by a code book vector b(c’-). When the 
vector quantiZation is resorted to, the number of times of 
calculation is only K times at each input pattern time instant 
I. 

On the other hand, the hidden Markov models are 
described in the NakagaWa book, pages 40 to 46, 55 to 60, 
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and 69 to 74 and are used to describe the reference patterns 
by introduction of a statistical idea in order to cope With 
various ?uctuations in voice patterns. Parameters of the 
hidden Markov models are transition probability and output 
probability parameters. The transition probability param 
eters represent time sequential ?uctuations of the voice 
patterns. The output probability parameters represent tone 
?uctuations of the voice patterns and are given by either a 
discrete probability distribution expression or a continuous 
probability distribution expression. 

It is believed that the continuous probability distribution 
expression is superior to the discrete probability distribution 
expression. This is because the latter is adversely in?uenced 
by quantization errors. In the former, use is made of con 
tinuous mixture densities or distributions into Which a 
plurality of element multi-dimensional Gaussian distribu 
tions are summed up With Weights. It is possible to prelimi 
narily calculate the transition and the output probability 
parameters by a forWard-backWard algorithm knoWn in the 
art by using training data. 
When the hidden Markov models are used, processes are 

as folloWs for recognition of the input pattern represented by 
Equation It Will be surmised that the output probability 
distribution expression is represented by the continuous 
mixture distributions. Denoting a transition probability by 
aj-i, Where i and j represent states of the hidden Markov 
models, a Weight for mixture by him, where m represents an 
element number given to elements used in mixtures of the 
output probability distributions, and an average vector of 
each element Gaussian distribution by pm, a forWard prob 
ability (X(l t) is calculated by a recurrence formula: 

for i=1, 2, . . . , I and t=1, 2, . . . , T, Where I represents a ?nal 

state. In the equation for the forWard probability, a factor is 
given by: 

bio‘) = Z Aim/vim M... 2m]. 

Where Zim represents a covariance matrix: 

NIX; mm, Zim] = (ZJUTH/ZIZImITI/Z >< eXPI-(Mm — XYZTIWI-m — 10/2], (5) 

n representing the dimension of the Gaussian distributions. 
For the input pattern, an ultimate forWard probability ot(I, 

T) gives a pattern likelihood At each input pattern time 
instant, a frame likelihood is given by calculating N[x; pim, 
2m] in accordance With Equation (5) a number of times 
given by a three-factor product of (the number of hidden 
Markov models)><(the number of states of each hidden 
Markov model)><(the number of mixtures). 

In the manner described in the foregoing, an amount of 
calculation increases in a conventional pattern recognition 
device With the number of reference patterns and in their 
pattern length When the dynamic programming algorithm is 
used Without the vector quantiZation. The amount of calcu 
lation increases With an increase in the number of quanti 
Zation When the vector quantiZation is resorted to. The 
number of calculation increases also in a conventional 
pattern recognition device Wherein the hidden Markov mod 
els are used When the number of states of the hidden Markov 
models and the number of mixtures are increased. Due to the 
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4 
increase in the amount of calculation in either case, the 
conventional pattern recognition device has been bulky and 
expensive. If the amount of calculation is suppressed to a 
loW values the conventional pattern recognition device is not 
operable With satisfaction in its precision and accuracy. 

SUMMARY OF THE INVENTION 

It is consequently an object of the present invention to 
provide a pattern recognition method operable in accordance 
With either a dynamic programming algorithm or hidden 
Markov models With a reduced amount of calculation. 

It is another object of this invention to provide a pattern 
recognition method Which is of the type described and Which 
gives high precision and accuracy. 

It is a different object of this invention to provide a pattern 
recognition device capable of carrying out the pattern rec 
ognition method of the type described. 

It is a further different object of this invention to provide 
a pattern recognition device Which is of the type described 
and Which is compact and of a reasonable price. 

Other objects of this invention Will become clear as the 
description proceeds. 

In accordance With an aspect of this inventions there is 
provided a pattern recognition method Which is for locating 
an input pattern among a plurality of reference patterns 
represented by a set of characteristic data and comprises the 
steps of: (A) representing the input pattern by a time 
sequence of input pattern feature vectors; (B) representing 
the set of characteristic data as a tree structure comprising a 
root node representing on a root stage the sets a plurality of 
leaf nodes representing individually the characteristic data 
or a leaf stage farthest from the root stages and a plurality of 
intermediate nodes representing subsets of the set on at least 
one intermediate stage betWeen the root and the leaf stages, 
the subsets and the characteristic data represented by the leaf 
nodes being used as cluster data, respectively; (C) calculat 
ing cluster similarity measures betWeen each input pattern 
feature vector and speci?c data represented among the 
cluster data by speci?ed nodes speci?ed among the inter 
mediate and the leaf nodes on a single speci?ed stage; (D) 
selecting at least one selected node among daughter nodes of 
a mother node, the selected node representing ones of the 
cluster data for Which an extremum of the cluster similarity 
measures is calculated, the daughter nodes being on a stage 
next farther from the root stage than a stage of the mother 
node; controlling the calculating step to specify the 
speci?ed stage consecutively toWards the leaf stage from a 
stage nearest to the root stage in the at least one intermediate 
stage With the speci?ed nodes given ?rst by the daughter 
nodes of the root node and subsequently by the daughter 
nodes of each of the at least one selected nodes control 
ling the selecting step to select the selected node from the 
intermediate nodes; (G) calculating pattern similarity mea 
sures betWeen the input pattern and the reference patterns 
With each pattern similarity measure calculated by using the 
cluster similarity measures along a path from each of the at 
least one selected node selected With said root node used as 
the mother node and along branches branched from the path 
to ones of the leaf nodes When these ones of leaf nodes are 
used as the daughter nodes of each of the at least one 
selected node selected ultimately in each branch from the 
intermediate nodes; and locating the input pattern as one 
of the reference patterns for Which an extremum of the 
pattern similarity measures is calculated. 

Typically, the characteristic data are either reference pat 
tern feature vectors for a dynamic programming algorithm 
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or element distributions of continuous mixture density hid 
den Markov models. When the dynamic programming algo 
rithm is resorted to, the cluster data are called cluster 
vectors. The cluster similarity measures are cluster dis 
tances. The speci?c data are speci?ed vectors. The pattern 
similarity measures are pattern distances. The extremum is 
a shortest one. When the hidden Markov models are used, 
the cluster data are called cluster distributions. The cluster 
similarity measures are cluster likelihoods. The speci?c data 
are speci?ed distributions. The pattern similarity measures 
are pattern likelihoods. The extremum is a greatest one. 

In accordance With a different aspect of this invention, 
there is provided a pattern recognition device Which is for 
locating an input pattern among a plurality of reference 
patterns represented by a set of reference pattern feature 
vectors and comprises: (A) an input pattern buffer for a time 
sequence of input pattern feature vectors representative of 
the input pattern; (B) reference pattern memory means for 
storing the reference pattern feature vectors in a tree struc 
ture comprising a root node representing on a root stage the 
set, a plurality of leaf nodes representing individually the 
reference pattern feature vectors on a leaf stage farthest from 
the root stage, and a plurality of intermediate nodes repre 
senting subsets of the set on at least one intermediate stage 
betWeen the root and the leaf stages With the subsets and the 
reference pattern feature vectors represented by said leaf 
nodes used as cluster vectors respectively (C) cluster dis 
tance calculating means for calculating cluster distances 
betWeen each input pattern feature vector and speci?ed 
vectors represented among the cluster vectors by speci?ed 
nodes speci?ed among the intermediate and the leaf nodes 
on a single speci?ed stage; (D) selecting means for selecting 
at least one selected node among daughter nodes of a mother 
node, the selected node representing ones of the cluster 
vectors for Which a shortest one of the cluster distances is 
calculated the daughter nodes being on a stage next farther 

from the root stage than a stage of the mother node; pattern distance calculating means for controlling the cluster 

distance calculating means and the selecting means to 
specify the speci?ed stage consecutively toWards the leaf 
stage from a stage nearest to the root stage in the at least one 
intermediate stage and to select the selected node from the 
intermediate nodes and for calculating pattern distances 
betWeen the input pattern and the reference patterns With 
each pattern distance calculated by using the cluster dis 
tances along a path from each of the at least one selected 
node selected With the root node used as the mother node 
and along branches branched from the path to ones of the 
leaf nodes When these ones of leaf nodes are used as the 
daughter nodes of the at least one selected node selected 
ultimately in each branch from the intermediate nodes; and 
(F) locating means for locating the input pattern as one of the 
reference patterns for Which a shortest one of the pattern 
distances is calculated. 

In accordance With a further different aspect of this 
invention, there is provided a pattern recognition device 
Which is for locating an input pattern among a plurality of 
reference patterns represented by a set of element distribu 
tions of continuous mixture density hidden Markov models 
and comprises: (A) an input pattern buffer for a time 
sequence of input pattern feature vectors representative of 
the input pattern; (B) reference pattern memory means for 
storing the element distributions in a tree structure compris 
ing a root node representing on a root stage the set, a 
plurality of leaf nodes representing individually the element 
distributions on a leaf stage farthest from the root stage, and 
a plurality of intermediate nodes representing subset of the 
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6 
set on at least one intermediate stage betWeen the root and 
the leaf stages, With the subsets and the element distributions 
represented by the leaf nodes used as cluster distributions; 
(C) cluster likelihood calculating means for calculating 
cluster likelihoods betWeen each input pattern feature vector 
and speci?ed distributions represented among the cluster 
distributions by speci?ed nodes speci?ed among the inter 
mediate and the leaf nodes on a single speci?ed stage; (D) 
selecting means for selecting at least one selected node 
among daughter nodes of a mother nodes the selected node 
representing ones of the cluster distributions for Which a 
greatest one of the cluster likelihoods is calculated, the 
daughter nodes being on a stage next nearer to the leaf stage 
than a stage of the mother node; pattern likelihood 
calculating means for controlling the cluster likelihood 
calculating means and the selecting means to specify the 
speci?ed stage consecutively toWards the leaf stage from a 
stage nearest to the root stage in the at least one intermediate 
stage With the speci?ed nodes given ?rst by the daughter 
nodes of the root node and subsequently by the daughter 
nodes of each of the at least one selected node and to select 
the selected node from the intermediate nodes and for 
calculating pattern likelihoods betWeen the input pattern and 
the reference patterns With each pattern likelihood calculated 
by using the cluster likelihoods along a path from each of the 
at least one selected node selected With the root node used 
as the mother node and along branches branched from the 
path to ones of the leaf nodes When these ones of the leaf 
nodes are used as the daughter nodes of the at least one 
selected node selected ultimately in each branch from the 
intermediate nodes; and locating means for locating the 
input pattern as one of the reference patterns for Which a 
greatest one of the pattern likelihoods is calculated. 

BRIEF DESCRIPTION OF THE DRAWING 

FIG. 1 is a block diagram of a pattern recognition device 
according to a ?rst embodiment of the instant invention; 

FIG. 2 exempli?es a tree structure for use in the pattern 
recognition device illustrated in FIG. 1; 

FIG. 3, depicted beloW FIG. 1, is another block diagram 
of the pattern recognition device of the type depicted in FIG. 
1; 

FIG. 4 is a block diagram of a pattern recognition device 
according to a second embodiment of this invention; 

FIG. 5 is another block diagram of the pattern recognition 
device illustrated in FIG. 5; and 

FIG. 6, draWn to the right of FIG. 2, shoWs a How chart 
for use in describing operation of the pattern recognition 
device illustrated in FIG. 5. 

DESCRIPTION OF THE PREFERRED 
EMBODIMENTS 

Referring to FIG. 1, the description Will begin With a 
pattern recognition device according to a ?rst embodiment 
of the present invention. In the manner described 
heretobefore, the pattern recognition device is for recogniZ 
ing or locating an input pattern X among a plurality of 
reference patterns, Which are either collectively or individu 
ally represented by a reference symbol B. The input pattern 
is represented by a time sequence of input pattern feature 
vectors x1, x2, . . . , x’, . . . , and xT in the manner exempli?ed 

by Equation (1), Where t represents an input pattern time 
instant. Each reference pattern is represented by a stored 
sequence of reference pattern feature vectors b1, b2, . . . , 

b’; . . . , and b] as exempli?ed by Equation The reference 
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pattern feature vectors are time sequentially used for com 
parison With the time sequence of the input pattern With use 
of the Warping or mapping function known in the art. 
Consequently, it is possible to understand that each reference 
pattern feature vector bi is used at a reference time instant j. 
In any event, the reference patterns are represented by a set 
of reference pattern feature vectors. 

In FIG. 1, an input pattern buffer 11 is for the time 
sequence of input pattern feature vectors. The input pattern 
buffer 11 is used in the manner knoWn in the art and is brie?y 
called an input buffer. Like naming Will be used throughout 
the description. The set of reference pattern feature vectors 
is preliminarily stored in a reference pattern memory 13. 

Although the folloWing descriptions are equally Well 
applicable to the reference pattern feature vectors, it Will be 
presumed for practical applications of the pattern recogni 
tion device that the set of reference pattern feature vectors is 
converted With reference to a code book of Expression (4) 
into a set of frame vectors b(1), b(2), . . . , b(k), . . . , and 

b(K), Where k represents a vector quantiZation code number 
as a frame number and is used in place of the reference 
pattern time instant. Among suffixes to the frame vectors, K 
represents a ?nal frame number Which corresponds to the 
above-mentioned pattern length J. 
When the frame vectors are used, a frame distance d(k) is 

typically calculated by a Euclidean distance: 

Where X is a simpli?ed notation of each input pattern feature 
vector. This frame distance is used in place of the vector 
distance exempli?ed by Formula (3) and is used in the 
minimiZation problem described hereinabove. 

Referring to FIG. 2 in addition to FIG. 1, a tree structure 
is for use in the reference memory 13 in storing the set of 
frame vectors. The tree structure comprises a root node N1 
on a root stage to represent the set of frame vectors. 

In the eXample being illustrated, ?rst through tWenty 
seventh leaf nodes F1, F2, . . . , and F27 are on a leaf stage 

farthest from the root stage to individually represent the 
frame vectors. The tree structure is composed of such nodes 
arranged on ?rst through fourth stages, among Which the 
?rst through the fourth stages are the root and the leaf stages. 

Furthermore, ?rst through third primary intermediate 
nodes N11, N12, and N13 are on the second stage to 
represent ?rst through third primary subsets of the set. First 
through ninth secondary intermediate nodes N111, N112, 
N113, N121, . . . , and N133 are on the third stage to 

represent secondary subsets of the ?rst through the third 
primary subsets. In this manner, the tree structure comprises 
a plurality of intermediate nodes such as N11 and N111 on 
primary and secondary intermediate stages, namely, on at 
least one intermediate stages, betWeen the root and the leaf 
stages. 
As clusters, such subsets are represented by the interme 

diate nodes of the at least one intermediate stage. The 
intermediate nodes are given cluster vectors representative 
of the clusters. For the leaf nodes, the frame vectors serve as 
cluster vectors per se. 

Connected to the input buffer 11, a frame distance calcu 
lator 15 successively reads the input pattern feature vectors 
and controls a cluster distance calculator 17 and a selected 
node selector 19. Controlled by the frame distance calculator 
15, the cluster distance calculator 17 refers to the reference 
memory 13 to receive therefrom ?rst the cluster vectors of 
one of the primary subsets, such as of the ?rst primary 
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8 
subsets, and subsequently the cluster vectors of other pri 
mary subsets. In other Words, the frame distance calculator 
15 makes the cluster distance calculator 17 ?rst use the root 
node N1 as a mother node and the ?rst through the third 
primary intermediate nodes N11 to N13 as daughter nodes. 
In the tree structure, the daughter nodes are related to the 
mother node either by a branch or by a tWig of the tree 
structure and are on a stage neXt farther from the root stage 
than a stage on Which the mother node is. 

It Will be presumed at a certain time instant that the ?rst 
primary intermediate node N11 is referred to. In this events 
the cluster distance calculator 17 calculates cluster distances 
betWeen each input pattern feature vector and the cluster 
vectors of the ?rst primary subset. 

Controlled by the frame distance calculator 15 and sup 
plied from the cluster distance calculator 17 With the cluster 
distances calculated relative to the cluster vectors of the ?rst 
through the third primary subsets, the selected node selector 
19 selects a prespeci?ed number, such as tWo, of the 
daughter nodes as at least one selected node. When the 
predetermined number is equal to tWo, this at least one 
selected node consists of ?rst and second selected nodes. 
Among the daughter nodes, the selected nodes represent 
ones of the cluster vectors that give shorter cluster distances. 
One of the daughter nodes is ?rst selected, for Which a 
shortest one of the cluster distances is calculated. 

It Will be assumed at a time instant that the ?rst and the 
second primary intermediate nodes N11 and N12 are 
selected as the at least one selected node. Informed by the 
selected node selector 19 of such selected nodes, the frame 
distance calculator 15 speci?es each of the ?rst and the 
second primary intermediate nodes N11 and N12 afresh as 
the mother node. In consideration of branches of the tree 
structure, the ?rst through the third secondary intermediate 
nodes N111 to N113 are used as the daughter nodes of the 
mother node N11. The fourth through the siXth secondary 
intermediate nodes N121 to N123 are the daughter nodes of 
the mother node N12. 

In the manner described in the foregoing, the cluster 
distance calculator 17 calculates cluster distances relative to 
the cluster vectors of the secondary subsets of the ?rst 
primary subset and later relative to the cluster vectors of the 
secondary subsets of the second primary subset. The 
selected node selector 19 selects at least one selected node 
at a time from the ?rst through the third secondary inter 
mediate nodes N111 to N113 and from the fourth through the 
siXth secondary intermediate nodes N121 to N123. 

It Will be assumed at this later time instant that the ?rst 
and the second secondary intermediate nodes N111 and 
N112 are selected as the at least one selected node and that 
the fourth and the ?fth secondary intermediate nodes N121 
and N122 are selected. Each of these selected nodes N111 
and N112 is used afresh as the mother node. The daughter 
nodes are noW the ?rst through the third leaf nodes F1 to F3 
and the fourth through the siXth leaf nodes F4 to F6. When 
the fourth and the ?fth secondary intermediate nodes N121 
and N122 are used afresh as the mother nodes, their daughter 
nodes are the tenth through the tWelfth leaf nodes F10 to F12 
and are the thirteenth through the ?fteenth leaf nodes F13 to 
F15. 
As above, the cluster distance calculator 17 calculates 

cluster distances e(F1) through e(F6) relative to the cluster 
or the frame vectors represented by the ?rst through the siXth 
leaf nodes F1 to F6 and cluster distances e(F10) through 
e(F15) relative to the cluster vectors represented by the tenth 
through the ?fteenth leaf nodes F10 to F15. The cluster 
distance calculator 17 does not calculate such cluster dis 
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tances relative to the cluster vectors represented by each 
unselected node, such as N13, Which the selected node 
selector 19 does not select as the at least one selected node 
from or among the primary intermediate nodes. Nor does the 
cluster distance calculator 17 calculate the cluster distances 
relative to the cluster or the frame vectors represented by 
unselected nodes, such as N113, N123, F7 to F9, and F16 to 
F18, that are not selected as the at least one selected node 
from the intermediate nodes of additional intermediate 
stages and from the leaf nodes. 

Controlling the cluster distance calculator 17 and the 
selected node selector 19 in this manner, the frame distance 
calculator 15 calculates the frame distance d(k)’s betWeen 
each input pattern feature vector and the frame vectors 
b(k)’s as folloWs, Where e(N11) and so forth represent the 
cluster distances calculated relative to the intermediate 
nodes N11 and so on. 

In the manner exempli?ed in the foregoing, the frame 
distance calculator 15 calculates the frame distances in 
accordance With distance calculating procedures for each 
input pattern feature vector as folloWs. 

(A1) The root node is ?rst used as the mother node. 

(A2) Relative to the daughter nodes of such a mother 
node, the cluster distances are calculated. 

(A3) With attention directed to the cluster distances 
calculated in the procedure (A2), a prespeci?ed number 
of selected nodes are selected from or among the 
daughter nodes as at least one selected node, starting at 
one of the daughter nodes for or relative to Which a 
shortest one of the cluster distance is calculated. 

(A4) Using afresh as the mother node each of such 
selected nodes selected in the procedure (A3), the 
procedure returns to When the daughter nodes are 
the leaf nodes, the procedures and are not 
repeated. 

(A5) The procedures through (A4) are repeated until 
the daughter nodes become all the leaf nodes. 

(A6) Relative to each of the leaf nodes that is used as one 
of the daughter nodes, the cluster distance is used per 
se as the frame distances relative to the frame vector 
represented by the leaf node under consideration Rela 
tive to the frame vector for Which no leaf nodes are 
used as the daughter nodes of the mother node other 
than the root nodes the frame distance is given by the 
cluster distance last calculated for one of the interme 
diate nodes that is last used as the selected node. None 
of the procedures through is carried out in 
connection With the primary intermediate node or 
nodes Which are not selected in the procedure 

Summarizing, the reference memory 13 is preliminarily 
loaded With the frame vectors in a tree structure. On a root 
stage, a root node N1 represents the set of frame vectors. On 
a leaf stage farthest from the root stages a plurality of leaf 
nodes, such as F1, individually represent the frame vectors 
of the set. On at least one intermediate stage betWeen the 
root and the leaf stages, a plurality of intermediate nodes, 
such as N11 and N111, represent subsets of the set, respec 
tively The at least one intermediate stage may comprise a 
primary stage and furthermore at least one additional stage. 
Such additional stage or stages may be called a secondary 
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stage. Cluster vectors are given by the subsets and the 
leaf-stage frame vectors, respectively. 
The cluster distance calculator 17 calculates cluster dis 

tances betWeen each input pattern feature Vector and speci 
?ed vectors represented among the cluster vectors by ones of 
the intermediate nodes that are speci?ed on a single speci 
?ed stage as speci?ed nodes, such as N11 through N13. The 
speci?ed stage and the speci?ed nodes Will presently be 
described. 
The selected node selector 19 selects at least one selected 

node from daughter nodes of a mother node, Which Will 
shortly become clear. In any event, the daughter nodes are on 
a stage neXt farther from the root stage than another stage on 
Which the mother node is present. In order to select such 
selected node or nodes, attention is directed to the cluster 
distances calculated relative to the cluster vectors repre 
sented by the daughter nodes. The selected nodes are 
selected to a prespeci?ed number starting from one of the 
daughter nodes for Which a shortest one of the last 
mentioned cluster distances is calculated. 

In order to calculate the frame distances betWeen the 
frame vectors and the input pattern feature vector used in 
calculating the cluster distances, the frame distance calcu 
lator 15 controls the cluster distance calculator 17 to specify 
the speci?ed stage consecutively toWards the leaf stage from 
the primary stage, namely, a stage nearest to the root stage 
in the intermediate stage or stages. Specifying the speci?ed 
stage, the frame distance calculator 15 makes the cluster 
distance calculator 17 use, as the speci?ed nodes, ?rst the 
daughter nodes N11 to N13 of the root node Ni and 
subsequently the daughter nodes N111 to N113 and N121 to 
N123 of each of the at least one selected node, such as N11 
and N12. Furthermore, the frame distance calculator 15 
controls the selected node selector 19 so as to select the 
selected node or nodes from the intermediate nodes. 

In this manners the frame distance calculator 15 controls 
the cluster distance calculator 17 and the selected node 
selector 19 to deal With the procedures (A1) through (A6) 
and to produce the frame distances d(l) to The frame 
distance calculator 15 calculates each frame distance by 
using the cluster distances along a path from each of the at 
least one selected node N11 or N12 selected With the root 
node Ni used as the mother node and along branches 
branched from the path to ones, such as F1 to F3 or F4 to F6, 
of the leaf nodes When these ones of leaf nodes are used as 
the daughter nodes of the at least one selected node, such as 
noW N111 and N112 or N121 and N122, selected ultimately 
in each branch from the intermediate nodes. 

In FIG. 1, a matching part 21 calculates pattern distance 
betWeen the input pattern and the reference patterns by 
solving the above-described minimiZation problem With use 
of the frame distances successively calculated by the frame 
distance calculator 15 typically betWeen the time sequence 
of input pattern feature vectors and the set of frame vectors 
representative of the frame patterns. As a consequence, a 
calculating part 23 of the matching part 21 and the frame 
distance calculator 15 are operable collectively as a pattern 
distance calculating unit. When the frame difference calcu 
lator 15 is separated from the pattern distance calculator (15, 
23) this part 23 may be called a calculating unit for calcu 
lating the pattern differences by using the frame distances. 
A remaining part of the matching part 21 serves as a 

locating part 25 for locating the input pattern among the 
reference patterns by ?nding the best match betWeen the 
time sequence and the stored sequences of reference pattern 
feature vectors Which are used as the set of frame vectors. 
The remaining part 25 consequently serves as a locating unit 
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for locating the input pattern as one of the reference patterns 
that minimizes the pattern distances. 

Turning to FIG. 3 With FIGS. 1 and 2 continuously 
referred to, it is possible to understand the pattern recogni 
tion device of FIG. 1 as folloWs. A recognition part 27 
corresponds to a combination of the input buffer 11 the 
frame distance calculator 15, the cluster distance calculator 
17, the selected node selector 19, and the matching part 21. 
Preliminarily before start of operation of the recognition part 
27, a frame vector tree memory 29 of the reference memory 
13 is loaded With the tree structure of the set of frame 
vectors. 

To this ends a clustering vector memory 31 is prelimi 
narily loaded With the frame vectors of the set as lustering 
vectors. A controller 33 successively reads from the clus 
tering vector memory 31 the clustering vector as read 
vectors and makes a cluster vector calculator or processor 35 
execute clustering procedures as folloWs. 

(A11) All frame vectors are used as a set of clustering 
vectors. 

(A12) In the manner Which Will later be described, the set 
of clustering vectors is divided into a plurality of 
clusters. A representative vector of each cluster is used 
as a cluster vector described above. 

(A13) In connection With each cluster obtained in the 
procedure (A12), the frame vectors of the cluster under 
consideration are used as clustering vector of a subset 
for repetition of the procedure (A12). 

(A14) The procedures (A12) and (A13) are repeated a 
speci?ed number of times. 

Division of the clustering vectors of either the set or each 
subset is possible, for example, in accordance With the 
K-means algorithm described by Julius T. Tou and Rafael C. 
GonZaleZ in a book Which is entitled “Pattern Recognition 
Principles” and published 1974 by Addison-Weslay Publish 
ing Company. This Tou et al book is No. 7 of Applied 
Mathematics and Computation edited by Robert Kalava. 
The procedures Will be described later in the folloWing. 

Referring noW to FIG. 4 With FIG. 2 again referred to, the 
description Will proceed to a pattern recognition device 
according to a second embodiment of this invention. Like 
the pattern recognition device illustrated With reference to 
FIGS. 1 and 2, the pattern recognition device of FIG. 4 is for 
locating an input pattern X exempli?ed by Equation (1) 
among reference patterns B of the type described. 

It should be noted that the reference patterns are repre 
sented by a set of element distributions of continuous 
mixture density or distribution hidden Markov models 
described heretobefore. As described, the continuous mix 
ture distributions are derived from a plurality of multi 
dimensional or N-dimensional element Gaussian distribu 
tions Where N represents the number of dimensions. The 
code book of Equation (4) Will again be used in converting 
a set of element distributions into a set of frame distributions 
of the frame number k variable betWeen 1 and the ?nal frame 
number K. 

In place of the minimiZation problem described herein 
above and used in operation of the matching part 21 
described in conjunction With FIG. 1, a maximiZation prob 
lem is used Wherein the minimum is changed to a maximum. 
In the maximiZation problem, likelihoods are substituted for 
the distances. Frame likelihoods p(1), p(2), . . . , p(k),, . . . , 

and p(K) are therefore calculated betWeen each input pattern 
feature vector and the frame distributions in accordance 
With: 
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Where pk represents a mean vectors 2k representing a cova 
riance matrix. This algorithm is described and discussed in 
an article contributed by Enrico Bocchieri to the Proceed 
ings of ICASSP, 1993, under the title of “Vector Quantiza 
tion for the Ef?cient Computation of Continuous Density 
Likelihoods” on pages 11-692 to 11-695. 

In FIG. 4, the pattern recognition device comprises an 
input buffer 11 Which is not different from that described in 
connection With FIG. 1. A reference memory 13 is similar to 
that of FIG. 1 The reference memory 13 is, hoWever, 
preliminarily loaded With the set of frame distributions in a 
tree structure exempli?ed With reference to FIG. 2. The 
nodes N11 to N13, N111 to N133, and F1 to F27 represent 
the frame distributions. The subsets and the frame distribu 
tions represented by the leaf nodes F1 to F27 are called 
cluster distributions. 

Connected to the input buffer 11 depicted in FIG. 4, a 
frame likelihood calculator 37 controls a cluster likelihood 
calculator 39 and a selected node selector Which is very 
similar to the selected node selector 19 of FIG. 1 and is 
consequently designated by the reference numeral 19. Con 
trolled by the frame likelihood calculator 37, the cluster 
likelihood calculator 39 refers to the reference memory 13 to 
receive therefrom ?rst the cluster distribution of one of the 
primary subsets, such as the ?rst primary subset represented 
by the ?rst primary intermediate node N11, and subse 
quently the cluster distributions of other primary subsets 
represented by other primary intermediate nodes, such as 
N12 and N13. In other Words, the frame likelihood calcu 
lator 37 makes the cluster likelihood calculator 39 ?rst use 
the root node N1 as a mother node and the primary inter 
mediate nodes N11 through N13 as daughter nodes. 

It Will be presumed at a certain time instant that the ?rst 
primary intermediate node N11 is referred to. In this events 
the cluster likelihood calculator 39 calculates cluster likeli 
hoods betWeen each input feature vector and the cluster 
distributions of the ?rst primary subset. 

Controlled by the frame likelihood calculator 37 and 
supplied from the cluster likelihood calculator 39 With the 
cluster likelihoods relative to the cluster distributions of the 
primary subsets, the selected node selector 19 selects a 
prespeci?ed number, such as tWo, of the daughter nodes N11 
to N13 as at least one selected node. When the prespeci?ed 
number is equal to tWos this at least one selected node 
consists of ?rst and second selected nodes. Among the 
daughter nodes, the selected nodes represent ones of the 
cluster likelihoods that noW give greater cluster likelihoods. 
One of the daughter nodes is ?rst selected, for Which a 
greatest one of the cluster likelihoods is calculated. 

It Will be assumed that the ?rst and the second primary 
intermediate nodes N11 and N12 are selected as the at least 
one selected node in connection With the root node N1 
Informed by the selected node selector 19 of such selected 
nodes the frame likelihood calculator 37 speci?es each of 
the ?rst and the second primary intermediate nodes N11 and 
N12 afresh as the mother node. In consideration of the tree 
structure, the ?rst through the third secondary intermediate 
nodes N111 to N113 are used as the daughter nodes of the 
mother node N11. The fourth through the sixth secondary 
intermediate nodes N121 to N123 are the daughter nodes of 
the mother node N12. 

In the manner described in the foregoing, the cluster 
likelihood calculator 39 later calculates cluster likelihoods 
relative to the cluster distributions of the secondary subsets. 
The selected node selector 19 selects at least one selected 
node from the ?rst through the third secondary intermediate 
nodes N111 to N123 and from the fourth through the sixth 
secondary intermediate nodes N121 to N123. 
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It Will be assumed at this later time instant that the ?rst 
and the second secondary intermediate nodes N111 and 
N112 are selected as the at least one selected node and that 
the fourth and the ?fth secondary intermediate nodes N121 
and N122 are selected. Each of these selected nodes N111 
and N112 is used afresh as the mother node. The daughter 
nodes are noW the ?rst through the third leaf nodes F1 to F3 
and the fourth through the siXth leaf nodes F4 to F6. When 
the fourth and the ?fth secondary intermediate nodes N121 
and N122 are used afresh as the mother nodes, their daughter 
nodes are the tenth through the ?fteenth leaf nodes F10 to 
F15. 
As before, the cluster likelihood calculator 39 calculates 

cluster likelihoods e(F1) through e(F6) relative to the clus 
ters or the frame distributions represented by the ?rst 
through the siXth leaf nodes F1 to F6 and cluster likelihoods 
e(F10) through e(F15) relative to the cluster distributions 
represented by the tenth through the ?fteenth leaf nodes F10 
to F15. The cluster likelihood calculator 39 does not calcu 
late such cluster likelihoods relative to the cluster distribu 
tions represented by each unselected node, such as N13, 
Which the selected node selector 19 does not select as the at 
least one selected node from the daughter nodes, such as 
N11 to N13, of the root node N1. Nor does the cluster 
likelihood calculator 39 calculate the cluster likelihoods 
relative to the clusters or the frame distributions represented 
by unselected nodes, such as N113, N123, F7 to F9, and F16 
to F18, that are not selected as the at least one selected node 
from the intermediate nodes of the secondary stage and from 
the leaf nodes. 

Controlling the cluster likelihood calculator 39 and the 
selected node selector 19 in this manners the frame likeli 
hood calculator 37 calculates the frame likelihoods p(k)’s in 
the manner described above in connection With the frame 
distances d(k)’s. The frame likelihoods are consequently 
calculated in accordance With likelihood calculating proce 
dures for each input pattern feature vector as folloWs. 

(B1) The root node is ?rst used as the mother node. 
(B2) Relative to the daughter nodes of such a mother 

node, the cluster likelihoods are calculated 
(B3) With attention directed to the cluster likelihoods 

calculated in the procedure (B2), a prespeci?ed number 
of selected nodes are selected from the daughter nodes 
as at least one selected node, starting at one of the 
daughter nodes for Which a greatest one of the cluster 
likelihoods is calculated. 

(B4) With each of such selected node used afresh as the 
mother node, the procedure returns to (B2) from (B3). 
When the daughter nodes are the leaf nodes, the pro 
cedures (B2) and (B3) are no more repeated. 

(B5) The procedures (B2) through (B4) are repeated until 
the daughter nodes become all the leaf nodes. 

(B6) Relative to each of the leaf nodes that is used as one 
of the daughter nodes the cluster likelihood is used per 
se as the frame likelihood relative to the frame distri 
bution represented by the leaf node under consideration 
Relative to the frame distributions for Which the leaf 
nodes are not used as the daughter nodes of the mother 
node other than the root node, the frame likelihood is 
given by the cluster likelihood last calculated for one of 
the intermediate nodes that is last used as the selected 
node. None of the procedures (B3) through (B5) is 
carried out in connection With the primary intermediate 
node or nodes Which are not selected in the procedure 

(B3). 
In summary, the reference memory 13 is preliminarily 

loaded With element distributions of a set representative of 
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the continuous mixture density hidden Markov models 
Which represent, in turn, a plurality of ,reference patterns 
The element distributions are typically the frame distribu 
tions described above. 
On a root stage of the tree structure, a root node N1 

represents the set of element distributions On a leaf stage 
farthest from the root stage, a plurality of leaf nodes, such as 
F1, individually represent the element distributions of the 
set. On at least one intermediate stage betWeen the root and 
the leaf stages, a plurality of intermediate nodes, such as N11 
and N111, represent subsets of the set, respectively. The at 
least one intermediate stage may comprise a primary stage 
and furthermore at least one additional stage. Such addi 
tional stage or stages may be called a secondary stage. 
Cluster distributions are given by the subsets and the leaf 
stage element distributions, respectively. 
The cluster likelihood calculator 39 calculates cluster 

likelihoods betWeen each input pattern feature vector and 
speci?ed distributions represented among the cluster distri 
butions by ones of the intermediate nodes that are speci?ed 
on a single speci?ed stage as speci?ed nodes, such as N11 
through N13. The speci?ed stage and the speci?ed nodes 
Will presently be described. 

The selected node selector 19 selects at least one selected 
node from daughter nodes of a mother node, Which is shortly 
become clear. In any event, the daughter nodes are on a stage 
neXt farther from the root stage than another stage on Which 
the mother node is present. In order to select such selected 
node or nodes, attention is directed to the cluster likelihoods 
calculated relative to the cluster distributions represented by 
the daughter nodes. The selected nodes are selected to a 
prespeci?ed number starting from one of the daughter nodes 
for Which a greatest one of the last-mentioned cluster 
likelihoods is calculated. 

In order to calculate the frame likelihoods betWeen the 
frame distributions and the input feature vector used in 
calculating the cluster likelihoods, the frame likelihood 
calculator 37 controls the cluster likelihood calculator 39 to 
specify the speci?ed stage consecutively toWards the leaf 
stage from the primary stage, namely, a stage nearest to the 
root stage in the intermediate stage or stages. Specifying the 
speci?ed stage, the frame likelihood calculator 37 makes the 
cluster likelihood calculator 39 use, as the speci?ed nodes, 
?rst the daughter nodes N11 to N13 of the root node N1 and 
subsequently the daughter nodes N111 to N113 and N121 to 
N123 of each of the at least one selected node, such as N11 
and N12. Furthermore, the frame likelihood calculator 37 
controls the selected node selector 19 so as to select the 
selected node or nodes from the intermediate nodes. 

In this manner, the frame likelihood calculator 37 controls 
the cluster likelihood calculator 39 and the selected node 
selector 19 to deal With the procedures (B1) through (B6) 
and to produce the frame distributions b(1) to The 
frame likelihood calculator 37 calculates each frame likeli 
hood by using the cluster likelihoods along a path from each 
of the at least one selected node N11 or N12 selected With 
the root node N1 used as the mother node and along 
branches branched from the path to ones, such as F1 to F3 
or F4 to F6, of the leaf nodes When these ones of the leaf 
nodes are used as the daughter nodes of the at least one 
selected node, such as noW N111 and N112 or N121 and 
N122, selected ultimately in each branch from the interme 
diate nodes. 

In FIG. 4, the matching unit 21 of FIG. 1 is illustrated in 
a different manner. More particularly, a pattern likelihood 
calculator 41 calculates pattern likelihoods betWeen the 
input pattern and the reference patterns by solving the 
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above-described maximization problem With one of the 
frame likelihoods successively calculated between the time 
sequence of the input pattern feature vectors and the set of 
frame distributions representative of the reference patterns. 
Serving as the remaining part 25 described in conjunction 
With FIG. 1 among the matching part 21, a locating unit is 
denoted by the reference numeral 25. Finding the best match 
betWeen the input pattern among the reference patterns, the 
locating unit 25 locates the input pattern as one of the 
reference patterns that maximiZes the pattern likelihoods. 

Turning to FIG. 5 With FIGS. 2 and 4 continuously 
referred to, it is possible to understand the pattern recogni 
tion device of FIG. 4 as folloWs. A recognition part corre 
sponds to that described in connection With FIG. 3 and is 
therefore designated by the reference numeral 27. More 
speci?cally, this recognition part 27 serves as a combination 
of the input buffer 11, the frame likelihood calculator 37, the 
cluster distance calculator 39, the selected node selector 19, 
the pattern likelihood calculator 41, and the locating unit 25. 
Preliminarily before start of operation of the recognition part 
27, a frame distribution tree memory 43 of the reference 
memory 13 is located With the tree structure of the set of 
element or frame distributions. 

For this purpose, a clustering distribution memory 45 is 
preliminarily loaded With the frame distributions or element 
distributions of the set as clustering distributions Nj-[x], 
Where j represents a j-th element distribution and is variable 
betWeen 1 and J, both inclusive. The set of element distri 
butions corresponds to the reference patterns B. The indexes 
1 to J of the reference pattern feature vectors are conse 
quently used herein to identify the element distributions 
Nj-[x]. 
A controller 47 successively reads from the clustering 

distribution memory 45 the clustering distributions as read 
distributions and makes a cluster distribution calculator or 
processor 49 execute clustering procedures as folloWs. 

(B11) All element distributions are used as a set of 
clustering distributions. 

(B12) In the manner Which Will presently be described the 
set of clustering distributions is divided into a plurality 
of clusters. A representative vector of each cluster is 
used as a cluster distribution. 

(B13) In connection With each cluster obtained in the 
procedure (B12), the frame distributions of the cluster 
under consideration are used as clustering distribution 
subset for repetition of the procedure (B12). 

(B14) The procedures (B12) and (B13) are repeated a 
speci?ed number of times. 

Division of the clustering distribution of either the set or 
each subset is possible in the manner of division of the 
clustering vectors. The above-mentioned K-means algo 
rithm is described in the book of Tou et al, pages 94 to 95. 
In the folloWings this algorithm Will be carried out by using 
the Kullback divergence exempli?ed in the Tou et al books 
pages 292 to 293. 

Further turning to FIG. 6 With FIGS. 2, 4, and 5 addi 
tionally referred to, the cluster distribution calculator 49 is 
operable in the manner described hereunder. After start of 
operations an initial cluster center distribution is arbitrarily 
decided at a ?rst step S1. This distribution consists of ?rst 
through K-th initial cluster centers Nol[x], NO2[x], . . . , 

N0k[x], . . . , and NOK X. In connection With such cluster 

centers, k represents a cluster number and Will be used to 
furthermore identify a k-th cluster. 

Next at a second step S2, distances DD, k] are calculated 
betWeen the initial cluster center distribution and the ele 
ment distributions preliminarily stored in the clustering 
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distribution memory 45. These distances are calculated by 
using the Kullback divergence as folloWs. 

Which corresponds to Equation (7.8—9) of Tou et al. It is 
readily possible to calculate the Kullback divergence from a 
mean value of the Gaussian distributions and a value of the 
covariance matrix. The distance therefore depends on the 
cluster number. 
At a third step S3, a distribution code is decided by 

deciding therefor the cluster number Which minimiZes the 
distance for each element distribution. That is: 

co) = mg mkinDtj. k1. 

At a fourth step S4, a neW cluster center distribution is 
decided by a distribution mean of element distributions 
belonging to each previously decided cluster center distri 
bution. In order to describe the neW cluster center 
distribution, an i-th element of the distribution mean of the 
cluster centers of the cluster k Will be designated by pal-(k). 
Similarly, an i-th element of the distribution mean of the 
element distributions Will be denoted by pal-(j). Furthermore, 
an i-th element of divergences of the element distributions 
Will be represented by (It-2G) When the neW cluster center 
distribution has a covariance given by a diagonal matrix: 

0 @200 

the i-th element and-an i-th element of the covariance matrix 
are given for the neW cluster center distribution by: 

and 

Where J(k) represents the number of element distributions 
belonging to the cluster k. This i-th element serves as an i-th 
element of the divergence of the cluster centers. 

In order to proceed With the K-means algorithm, a con 
dition equation is introduced as described in the folloWing. 
At a ?fth step S5, check is carried out Whether or not the 
clustering procedures result in convergence of the condition 
equation. If this equation converges, the clustering proce 
dure comes to an end. OtherWise, the procedures are again 
folloWed from the second step S2 until the clustering pro 
cedures result in convergence. The condition equation is: 

Turning back to FIGS. 4 and 5, the controller 47 makes 
the cluster distribution calculator 49 execute the clustering 
operation of the procedures (B11) to (B13) until the proce 
dure (B14) results in convergence of the condition equation. 
When the convergence is reached, the controller 47 stores a 



5,912,989 
17 

result of the clustering operation in the frame distribution 
tree memory 43. In FIG. 4, the reference memory 13 is 
loaded With the set of frame distribution. In FIGS. 1 and 3, 
the set of frame vectors is similarly stored in the frame 
vector tree memory 29 and consequently in the reference 
memory 13. 

Reviewing FIGS. 1 through 6, it Will noW be possible for 
one skilled in the art to make and use the pattern recognition 
device of this invention. In FIG. 2 the nodes N11 through 
N133 may represent subsets of the reference pattern feature 
vectors With the leaf nodes F1 to F27 made to represent the 
respective reference pattern feature vectors as they stand. In 
such an event, the primary subsets represent individual 
reference patterns. The number of stages may or may not 
differ from a primary subset to another primary subset. The 
number of daughter nodes of each mother node may depend 
on the circumstances. In the procedure, the prespeci?ed 
number is speci?ed in consideration of a speed Which is 
desired in recogniZing the input pattern. In the (A5) 
procedure, the number of repetitions of the through the 
(A4) procedures may depend on the primary subsets. In the 
(A12) procedure, the representative vector may either be an 
average vector of the frame vectors belonging to each cluster 
or be one of the frame vectors that is nearest to the average 
vector. In the (A14) procedures it is possible to empirically 
determine the speci?ed number of times. 

While this invention has thus far been described in 
speci?c conjunction With tWo preferred embodiments 
thereof, it Will noW be readily possible for one skilled in the 
art to put this invention into practice in various other 
manners. Above all, it is possible to implement in FIGS. 1 
and 3 a combination of the frame distance calculator 15, the 
cluster distance calculator 17, the selected node selector 19; 
the matching part 21, the controller 33, and the cluster vector 
calculator 35 by a microprocessor. In FIGS. 4 and 5; a 
microprocessor is operable as a like combination. It is 
possible to substitute a neural netWork for such a micropro 
cessor. 

What is claimed is: 
1. A pattern recognition device for locating an input 

pattern among a plurality of reference patterns represented 
by a set of reference pattern feature vectors, comprising: 

an input pattern buffer for receiving a time sequence of 
input pattern feature vectors representative of said input 
pattern; 

reference pattern memory means for storing said refer 
ence pattern feature vectors in a tree structure including 
a root node Which is located on a root stage and Which 
represents said set of reference pattern feature vectors, 
a plurality of leaf nodes each representing a corre 
sponding one of said reference pattern feature vectors 
and located on a leaf stage farthest from said root stage, 
and a plurality of intermediate nodes representing sub 
sets of said set of reference pattern feature vectors and 
located on at least one intermediate stage betWeen said 
root stage and said leaf stage, With said subsets of 
reference pattern feature vectors represented by said 
intermediate nodes and the reference pattern feature 
vectors represented by said leaf nodes being denoted as 
cluster vectors, Wherein cluster vectors are associated 
With each node eXcept said root node and include 
feature vectors corresponding to all leaf nodes descend 
ing from a non-leaf node; 

means for specifying a single speci?ed stage, said single 
speci?ed stage containing daughter nodes of a mother 
node, said mother node being located on a stage closer 
to said root stage than said single speci?ed stage; 
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distance calculating means for calculating vector dis 

tances betWeen each input pattern feature vector and 
said cluster vectors on said single speci?ed stage, said 
single speci?ed stage corresponding to one of said at 
least one intermediate stage and said leaf stage; 

selecting means for selecting at least one node among said 
daughter nodes of said mother node, said at least one 
selected node representing ones of said cluster vectors 
for Which a shortest one of said vector distances is 
calculated, said daughter nodes being located on a stage 
neXt farther from said root stage than a stage on Which 
said mother node is located; 

pattern distance calculating means for controlling said 
distance calculating means and said selecting means to 
specify another stage consecutively toWards said leaf 
stage from a stage nearest to said root stage in said at 
least one intermediate stage With said speci?ed nodes 
given ?rst by said daughter nodes of said root node and 
subsequently by said daughter nodes of each of said at 
least one selected node, to select another node from 
said intermediate nodes, and for calculating pattern 
distances betWeen said input pattern and said reference 
patterns With each pattern distance calculated by using 
said vector distances alone a path from each of said at 
least one node selected by said selecting means With 
said root node used as said mother node and along 
branches branched from said path to ones of said leaf 
nodes When said ones of said leaf nodes are used as said 
daughter nodes of said at least one selected node 
selected ultimately in each branch from said interme 
diate nodes; and 

locating means for locating said input pattern as one of 
said reference Patterns for Which a shortest one of said 
pattern distances is calculated, 

Wherein said pattern distance calculating means com 
prises: 
frame distance calculating means for controlling said 

distance calculating means and said selecting means 
to specify said speci?ed stage consecutively toWards 
said leaf stage from the stage nearest to said root 
stage in said at least one intermediate stage With said 
speci?ed nodes given ?rst by the daughter nodes of 
said root node and subsequently by the daughter 
nodes of each of said at least one selected node 
selected With said root node used as the mother node 
and to select said selected node from said interme 
diate nodes and for calculating frame distances 
betWeen each input pattern feature vector and said 
cluster vectors With said vector distances used along 
a path from each of said at least one selected node 
selected With said root node used as the mother node 
and along branches branched from said path to ones 
of said leaf nodes When said ones of said leaf nodes 
are used as the daughter nodes of said at least one 
selected node selected ultimately in each branch 
from said intermediate nodes; and 

calculating means for calculating said pattern distances by 
using said frame distances. 

2. A pattern recognition device for locating an input 
pattern among a plurality of reference patterns represented 
by a set of reference pattern feature vectors, comprising: 

an input pattern buffer for receiving a time sequence of 
input pattern feature vectors representative of said input 
pattern; 

reference pattern memory means for storing said refer 
ence pattern feature vectors in a tree structure including 
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a root node Which is located on a root stage and Which 
represents said set of reference pattern feature vectors, 
a plurality of leaf nodes each representing a corre 
sponding one of said reference pattern feature vectors 
and located on a leaf stage farthest from said root stage, 
and a plurality of intermediate nodes representing sub 
sets of said set of reference pattern feature vectors and 
located on at least one intermediate stage betWeen said 
root stage and said leaf stage, With said subsets of 
reference pattern feature vectors represented by said 
intermediate nodes and the reference pattern feature 
vectors represented by said leaf nodes being denoted as 
cluster vectors, Wherein cluster vectors are associated 
With each node eXcept said root node and include 
feature vectors corresponding to all leaf nodes descend 
ing from a non-leaf node; 

means for specifying a single speci?ed stage, said single 
speci?ed stage containing daughter nodes of a mother 
node, said mother node being located on a stage closer 
to said root stage than said single speci?ed stage; 

distance calculating means for calculating vector dis 
tances betWeen each input pattern feature vector and 
said cluster vectors on said single speci?ed stage, said 
single speci?ed stage corresponding to one of said at 
least one intermediate stage and said leaf stage; 

selecting means for selecting at least one node among said 
daughter nodes of said mother node, said at least one 
selected node representing ones of said cluster vectors 
for Which a shortest one of said vector distances is 
calculated, said daughter nodes being located on a stage 
neXt farther from said root stage than a stage on Which 
said mother node is located; 

pattern distance calculating means for controlling said 
distance calculating means and said selecting means to 
specify another stage consecutively toWards said leaf 
stage from a stage nearest to said root stage in said at 
least one intermediate stage With said speci?ed nodes 
given ?rst by said daughter nodes of said root node and 
subsequently by said daughter nodes of each of said at 
least one selected node, to select another node from 
said intermediate nodes, and for calculating pattern 
distances betWeen said input pattern and said reference 
patterns With each pattern distance calculated by using 
said vector distances along a path from each of said at 
least one node selected by said selecting means With 
said root node used as said mother node and along 
branches branched from said path to ones of said leaf 
nodes When said ones of said leaf nodes are used as said 
daughter nodes of said at least one selected node 
selected ultimately in each branch from said interme 
diate nodes; and 

locating means for locating said input pattern as one of 
said reference patterns for Which a shortest one of said 
pattern distances is calculated, 

Wherein said at least one intermediate stage comprises a 
?rst plurality of intermediate stages, 

Wherein said reference pattern memory means comprises: 
frame vector tree memory means for storing said tree 

structure; 
clustering vector memory means preliminarily loaded 

With said set as clustering vectors; 
cluster vector calculating means for clustering said 

clustering vectors into a second plurality of cluster 
groups With clusters of said cluster groups repre 
sented by said cluster vectors, respectively, said 
second plurality being equal to said ?rst plurality 
plus one; and 
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control means for making in said frame vector tree 
memory means in Which the intermediate nodes of 
said intermediate stages and said leaf nodes represent 
said cluster vectors With said cluster groups succes 
sively assigned to said intermediate stages eXcept for 
one of said intermediate stages that is nearest to said 
root stage. 

3. A pattern recognition device for locating an input 
pattern among a plurality of reference patterns represented 
by a set of element distributions of continuous mixture 
density hidden Markov models, comprising: 

an input pattern buffer for receiving a time sequence of 
input pattern feature vectors representative of said input 
pattern; 

reference pattern memory means for storing said element 
distributions in a tree structure including a root node 
Which is located on a root stage and Which represents 
said set of element distribution, a plurality of leaf nodes 
each representing a corresponding one of said element 
distributions and located on a leaf stage farthest from 
said root stage, and a plurality of intermediate nodes 
representing subsets of said set of element distributions 
and located on at least one intermediate stage betWeen 
said root stage and said leaf stage, With said subsets of 
element distributions and the element distributions rep 
resented by said leaf nodes being denoted as cluster 
distributions, Wherein cluster distributions are associ 
ated With each node eXcept said root node and include 
element distributions corresponding to all leaf nodes 
descending from a non-leaf node; 

means for specifying a single speci?ed stage, said single 
speci?ed stage containing daughter nodes of a mother 
node, said mother node being located on a stage closer 
to said root stage than said single speci?ed stage; 

likelihood calculating means for calculating likelihoods 
betWeen each input pattern feature vector and said 
cluster distributions by nodes speci?ed among said 
intermediate nodes and said leaf nodes on said single 
speci?ed stage, said single speci?ed stage being one of 
said leaf stage and said at least one intermediate stage; 

selecting means for selecting at least one node among said 
daughter nodes of said mother node, said at least one 
selected node representing ones of said cluster distri 
butions for Which a greatest one of said likelihoods is 
calculated, said daughter nodes being located on a stage 
neXt farther from said root stage than a stage on Which 
said mother node is located; 

pattern likelihood calculating means for controlling said 
likelihood calculating means and said selecting means 
to specify another stage consecutively toWards said leaf 
stage from a stage nearest to said root stage in said at 
least one intermediate stage With said speci?ed nodes 
given ?rst by said daughter nodes of said root node and 
subsequently by said daughter nodes of each of said at 
least one selected node, and to select another node from 
said intermediate nodes, and for calculating pattern 
likelihoods betWeen said input pattern and said refer 
ence patterns With each pattern likelihood calculated by 
using said likelihoods alone a path from each of said at 
least one selected node selected by said selecting means 
With said root node used as said mother node and along 
branches branched from said path of ones of said leaf 
nodes When said ones of leaf nodes are used as said 
daughter nodes of said at least one selected node 
selected ultimately in each branch from said interme 
diate nodes; and 
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locating means for locating said input pattern as one of 
said reference patterns for Which a greatest one of said 
pattern likelihoods is calculated, 

Wherein said pattern likelihood calculating means com 

22 
cluster distributions by nodes speci?ed among said 
intermediate nodes and said leaf nodes on said single 
speci?ed stage, said single speci?ed stage being one of 
said leaf stage and said at least one intermediate stage; 

prises: 5 selecting means for selecting at least one node among said 
frame likelihood Calculating means for conlroning sflid daughter nodes of said mother node, said at least one 
hkehhood cal_culan_ng means and Sald selefmng selected node representing ones of said cluster distri 
means to sPeclfy Sald specl?ed Stage consecunvely butions for Which a greatest one of said likelihoods is 
towards “.101 leaf Stage from the Stage nearest to s?ld calculated, said daughter nodes being located on a stage 
root stage in said at least one intermediate stage With 10 . . 

. . . . neXt farther from said root stage than a stage on WhlCh 
sa1d speci?ed nodes g1ven ?rst by said daughter .d th d . 1 t d_ 
nodes of said root node and subsequently by said Sal m0 er no 6 1S Oca e ’ 

daughter nodes of each of Said at least one Selected pattern likelihood calculating means for controlling said 
node Selected With Said root node used as Said likelihood calculating means and said selecting means 
mother node and to select said another selected node 15 to specify another Stage consecutively towards Said leaf 
from said intermediate nodes and for calculating stage from a stage nearest to said root stage in said at 
frame likelihoods betWeen each input pattern feature least one intermediate stage With said speci?ed nodes 
vector and said cluster distributions With said like- given ?rst by said daughter nodes of said root node and 
lihoodS used along a path from each Of Said at least subsequently by said daughter nodes of each of said at 
One Selected node Selected With Said IOOI IlOde used 20 least one selected node, and to select another node from 
as Said mother node and along branches branched said intermediate nodes, and for calculating pattern 
from Said Path to Ones of Said leaf nodes When Said likelihoods betWeen said input pattern and said refer 
Ones of leaf nodes are used as Said daughter nodes of ence patterns With each pattern likelihood calculated by 
said at lest one selected nodes selected ultimately in using Said likelihoods along a path from each of Said at 
each branch from said intermediate nodes; and 25 

calculating means for calculating said pattern likeli 
hoods by using said frame likelihoods. 

least one selected node selected by said selecting means 
With said root node used as said mother node and along 
branches branched from said path of ones of said leaf 

4. A pattern recognition device for locating an input 
pattern among a plurality of reference patterns represented 
by a set of element distributions of continuous mixture 30 
density hidden Markov models, comprising: 

nodes When said ones of leaf nodes are used as said 
daughter nodes of said at least one selected node 
selected ultimately in each branch from said interme 
diate nodes; and 

an input pattern buffer for receiving a time sequence of 
input pattern feature vectors representative of said input 
pattern; 

locating means for locating said input pattern as one of 
said reference patterns for Which a greatest one of said 

35 pattern likelihoods is calculated, 
reference pattern memory means for storing said element 

distributions in a tree structure including a root node 
Which is located on a root stage and Which represents 
said set of element distribution, a plurality of leaf nodes 
each representing a corresponding one of said element 
distributions and located on a leaf stage farthest from 
said root stage, and a plurality of intermediate nodes 
representing subsets of said set of element distributions 
and located on at least one intermediate stage betWeen 
said root stage and said leaf stage, With said subsets of 
element distributions and the element distributions rep 
resented by said leaf nodes being denoted as cluster 
distributions, Wherein cluster distributions are associ 
ated With each node eXcept said root node and include 
element distributions corresponding to all leaf nodes 
descending from a non-leaf node; 

Wherein said at least one intermediate stage comprises a 
?rst plurality of intermediate stages, 

Wherein said reference pattern memory means comprises: 
frame distribution tree memory means for storing said 

40 tree structure; 
clustering distribution memory means preliminarily 

loaded With said set as clustering distributions; 
cluster distribution calculating means for clustering 

said clustering distributions into a second plurality of 
45 cluster groups With clusters of said cluster groups 

represented by said cluster distributions, 
respectively, said second plurality being equal to said 
?rst plurality less one; and 

control means for making in said frame distribution tree 
50 memory means in Which the intermediate nodes of 

said intermediate stages and said leaf nodes represent 
said cluster distributions With said cluster groups 
successively assigned to said intermediate stages 
eXcept for one of said intermediate stages that is 
nearest to said root stage. 

means for specifying a single speci?ed stage, said single 
speci?ed stage containing daughter nodes of a mother 
node, said mother node being located on a stage closer 
to said root stage than said single speci?ed stage; 55 

likelihood calculating means for calculating likelihoods 
betWeen each input pattern feature vector and said * * * * * 


